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Abstract This study examines the determinants and consequences of price
clustering. Real estate list and transaction prices exhibit two
price-ending characteristics: even (000-ending) and just-below-
even (900-ending). The use of even-ending prices is negatively
related to the precision of the price estimates and the cost of
rounding. However, the tendency to use just-below-even-ending
prices is related to the cost of rounding and to listing agency
characteristics. The transaction price and the number of days on
market are associated with list price clustering and with listing
agency characteristics. Most properties are listed at just-below-
even-ending prices, but those listed at even-ending prices sell
faster and at a higher price. Finally, better transaction outcomes
are positively associated with the number of area-properties
listed by the seller’s real-estate agency.
Introduction
The pervasiveness of even-ending (e.g., $10.00, $10.50, or $100,000) and just-
below-even-ending (e.g., $9.99, $10.49, or $99,900) prices has been documented
across a multitude of diverse markets (e.g., grocery goods, gasoline, and ﬁnancial
assets).1 The clustering of prices at these values is unlikely to happen by chance;
however, the motivations for setting these prices and their impacts on transaction
outcomes have not been established.
Prior studies use retail list prices to examine price patterns. The real estate data
set used in this study helps expand the understanding of the patterns and
implications of price setting behavior because it includes both list (posted) prices
and transaction (negotiated) prices for each property. The ﬁndings indicate that
the tendency to use even-ending prices is negatively related to the accuracy with
which property values can be estimated. The ﬁndings also indicate that the
tendency to use even-ending prices is directly related to the level of property
values. This result may reﬂect a negative relationship between the tendency to use
even-ending prices and the cost of rounding, because the cost of rounding (to an
even-ending price) is negatively related to the level of property values. The116  Palmon, Smith and Sopranzetti
tendency to use just-below-even-ending prices is also positively related to the level
of property value, but is not related to the accuracy with which property values
can be estimated. However, unlike the tendency to use even-ending prices, it is
positively related to the number of properties listed by the listing real estate broker.
This study documents that the tendency to set even-ending and just-below-even-
ending prices is associated with signiﬁcant differences in two important transaction
outcomes: the ﬁnal transaction price and the number of days that a property stays
on the market before it is sold. Interestingly, although most properties are listed
at just-below-even-ending prices, those properties that are listed at even-ending
prices sell faster and for higher prices (after controlling for intrinsic factors such
as house, lot and neighborhood characteristics) than those listed at just-below-
even-ending prices. We also document that the transaction price is positively
associated with, and the number of days a property is on the market is negatively
associated with, the number of properties that are listed by the seller’s real-estate
agency.
The rest of the paper is organized as follows: the next section provides a review
of the relevant literature, which is followed by a discussion of the clustering
hypotheses, then a description of the data, methodology and results. The ﬁnal
section provides a summary and conclusion.
 Literature Review
Price Clustering and Coarse Pricing Sets
Price clustering is the result of the use of a coarse pricing set in which only a
small fraction of the full set of potential prices are actually used. Ball, Torous and
Tschoegl (1985), interpreting Grossman and Stiglitz (1980), posit the
‘‘informational equilibrium pricing hypothesis’’ as an explanation for the use of a
coarse pricing set. They hypothesize that traders invest in acquiring information
up to the point where the marginal cost of obtaining additional information equals
the marginal beneﬁt of using it. Thus, the precision with which traders quote prices
should be inversely related to their information costs. They further hypothesize
that traders with imprecise price estimates are inclined to use a coarse pricing set.
Sopranzetti and Datar (2002) support this result. They document the use of a
relatively ﬁne pricing grid for ‘‘major’’ currencies and United States Treasury
securities, and the use of a coarser pricing grid for ‘‘minor’’ currencies.
Even Price Clustering
Even pricing is pervasive across a variety of markets. Colwell, Rushing and Young
(1994) document, but do not explain, the existence of even price clustering in realClustering in Real Estate Prices  117
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estate transaction prices. Stiving and Winer (1997) provide a comprehensive
discussion of the literature that documents even pricing in retail markets. Osborne
(1962), Niederhoffer (1965), Ball, Torous and Tschoegl (1985), Goodhart and
Curcio (1990), Harris (1991), Christie and Schultz (1994), Christie, Harris and
Shultz (1994), and Sopranzetti and Datar (2002) provide evidence of even pricing
in various ﬁnancial market prices.
Several studies attempt to explain the motivations for even pricing. It is well
documented that even-ending prices have more cognitive accessibility than other
numbers (e.g., Tversky and Kahneman, 1973; Higgins, Rholes and Jones, 1977;
Fazio, Chen, McDonel and Sherman, 1982; and Dehaene and Mehler, 1992).
Consumers tend to think in round numbers, so it is natural for retailers to use
round numbers as prices. Wingate, Schaller and Miller (1972) suggest that even-
ending prices are a sign of a high quality product. In a similar vein, Feinberg
(1962), Raphael (1968), Alpert (1970), and Spohn and Allen (1977) argue that
even-ending prices reﬂect the retailer’s level of class or prestige. Christie and
Schultz (1994) posit that even-ending prices of securities traded in the NASDAQ
market are the result of collusion among traders.
Another explanation for even-ending transaction prices, the negotiation efﬁciency
hypothesis, suggested by Harris (1991) and ﬁrst modeled by Brown, Laux and
Schachter (1991) states that traders round prices in order to improve the efﬁciency
of negotiations. Traders intentionally limit prices to coarser pricing sets in order
to speed up the negotiation process and reduce the frequency of reporting errors.
Just-Below-Even Price Clustering
In contrast to even price clustering, which is ubiquitous across markets, just-
below-even price clustering has thus far been documented exclusively in posted-
price markets (markets in which prices are determined exclusively by sellers).
Friedman (1967) and Wisniewski and Blatterberg (1983) ﬁnd that supermarket
prices overwhelmingly end in the digit ‘‘9.’’ Kashyap (1995) documents a high
incidence of just-below-even pricing in mail-order catalogue prices, and ﬁnds that
just-below-even-ending prices tend to be stickier than other prices. Other studies
that document this phenomenon include Rudolph (1954), Twedt (1965) and Kreul
(1982).
Schindler and Kirby (1997) discuss two explanations for the overrepresentation
of the digit ‘‘9’’ in posted-price markets: the perceived-gain and the truncation
hypotheses.2 According to the perceived-gain hypothesis, individuals use round
(even-ending) reference points, and perceive small deviations from these reference
points as being disproportionately large. Consequently, sellers might beneﬁt from
setting just-below-even-ending prices relative to even-ending ones. According to
the truncation hypothesis, individuals truncate numbers and use only the left-most
digits when they make their purchasing decisions.3 Thus, sellers may have an118  Palmon, Smith and Sopranzetti
incentive to post just-below-even-ending prices, which maximize the
underestimation by potential buyers.
 Clustering in Real Estate Prices
Real estate markets differ from the markets examined in previous studies in several
important ways. First, real estate transactions involve two prices: a posted list
price and a negotiated transaction price. As discussed above, previous studies
examine price clustering in two types of markets: posted-price markets and
ﬁnancial markets. Posted-price markets are typically one-way non-negotiated
markets (i.e., the list price is the transaction price). Real estate list prices are set
by sellers with the intention of attracting prospective buyers and are very often
merely starting points in a negotiation process. This process may involve
prospective buyers submitting bids and sellers submitting counterbids until they
agree on the transaction price (which may be suggested by either party.)
Second, real estate property values cannot be estimated as accurately as the values
of commodities examined in previous studies. The lack of price precision may be
due to several factors. Real estate properties are not as homogeneous as
commodities examined in previous studies. This relative heterogeneity implies that
prices of other real estate properties cannot provide as accurate a value estimate
as do corresponding prices in other markets (e.g., ﬁnancial markets). Moreover,
the degree of heterogeneity is likely to be positively related to the intrinsic value
of real estate properties (i.e., expensive, custom built houses are more
heterogeneous than inexpensive tract housing). Additionally, real estate properties
turn over infrequently. Thus, previous prices for the same unit can rarely provide
an accurate current estimate of value. Lastly, the discrete nature of real estate
properties and the lack of perfect substitutes give rise to relatively inelastic supply
and demand functions.
Third, real estate buyers and sellers are not professional traders. In the markets
examined in previous studies, at least one party in every transaction is a
professional trader. For example, sellers are the professional traders in posted-
price (retail) market transactions, and professional market makers are either buyers
or sellers in most ﬁnancial market transactions. In contrast, buyers and sellers
(except for builders) in residential real estate markets are not professional traders.
Consequently, they often employ the help of professional real estate agents.
Clustering Patterns
The data indicate that real estate sellers do not use all possible prices to list their
properties. Speciﬁcally, as documented later, prices that end in either ‘‘000’’ or
‘‘900’’ are overrepresented in the sample. In this study, prices are classiﬁed ‘‘even-
ending’’ if they end in ‘‘000.’’ Similarly, prices are classiﬁed as ‘‘just-below-even-
ending’’ if they end in ‘‘900.’’4 Prices are classiﬁed based on the list price orClustering in Real Estate Prices  119
JRER  Vol. 26  No. 2 – 2004
market price as opposed to the seller’s net proceeds (net of realtor commissions)
or the buyer’s total expenses (including, for example, loan application fees,
lawyers, title insurance, inspectors, etc.).5 If all integer prices are equally likely,
then the frequency of a just-below-even-ending (even-ending) price should be 1/
1000. Unusually high occurrences of even-ending prices are referred to as ‘‘even-
clustered’’ prices. Similarly, unusually high occurrences of just-below-even-ending
prices are referred to as ‘‘just-below-even-clustered’’prices. Lastly, unusually high
occurrences of either even-ending or just-below-even-ending prices are referred to
as ‘‘clustered’’ prices. The following sub-sections discuss several hypotheses
regarding the clustering of real estate prices. Note that different sellers may
subscribe to different hypotheses (or none of them for that matter) of buyer
perception. Since the hypotheses are not mutually exclusive of one another,
multiple clustering tendencies may co-exist. Alternatively, even if sellers have
identical beliefs, but think that buyers are heterogeneous, an equilibrium in which
all sellers use the same pricing strategy may not exist. In this case, it may be
optimal for some sellers to use a mixed strategy.
Coarseness of the Pricing Grid
Recall that Ball, Torous and Tschoegl (1985) argue that the use of a coarse pricing
grid is driven by the cost of obtaining accurate price information. This is formally
presented in testable Implication 1.
Implication 1: The propensity to use a coarse pricing grid should be
directly related to the cost of obtaining accurate price
information.
Note that the use of a coarse pricing grid involves listing a property at a price
that may be different than the property’s intrinsic market value. Using prices that
are either too high or too low may impose costs on the seller. For example,
rounding the price upward may weaken demand for the property and rounding
the price downward may reduce the transaction price. If the cost of rounding were
related to the percentage difference between the rounded price and the intrinsic
value, and were the distance between points on the pricing grid ﬁxed, then the
percentage difference, and thus the rounding cost, should be negatively related to
the property’s intrinsic value. This is formally stated in Implication 2.
Implication 2: Because of rounding costs, the propensity to use a coarse
pricing grid should be directly related to intrinsic property
values.
Even Price Clustering in List Prices
The literature argues that even-ending numbers are employed to a disproportionate
extent in retail prices because buyers and sellers are more comfortable with these
numbers (i.e., these prices have a greater degree of cognitive accessibility than120  Palmon, Smith and Sopranzetti
other prices). Other studies have mentioned even-ending prices as indicators of
high quality. However, the extent to which either the cognitive accessibility of
even-ending prices or the relationship between even-ending prices and quality
impacts demand has not been well documented. This study examines the
implications of these two hypotheses on list prices and on the relationship between
list price clustering and transaction outcomes; they are summarized in
Implication 3.
Implication 3: According to either the Cognitive Accessibility or the High-
Quality Hypothesis, list prices should even-cluster and
properties listed at even-ending prices should either sell for
higher prices or sell more quickly than other properties.
Just-Below-Even Price Clustering in List Prices
As discussed, just-below-even price clustering has been associated with two
different explanations. The perceived-gain hypothesis argues that individuals use
even-ending reference points, and perceive small deviations from these reference
points as being disproportionately large. The truncation hypothesis argues that
individuals truncate the right-most numbers when they make their purchasing
decisions. According to either hypothesis, sellers might beneﬁt from setting just-
below-even-ending prices relative to even-ending ones. The implications for list
prices and transaction outcomes are formally stated in Implication 4:
Implication 4: According to either the Truncation or the Perceived-Gain
Hypothesis, list prices should exhibit just-below-even-price
clustering. Properties listed at just-below-even clustered
prices should either sell for higher prices or sell more
quickly than other properties.
Clustering in Transaction Prices
Harris’ (1991) negotiation efﬁciency hypothesis argues that if buyers and sellers
are eager to speed up the negotiation process in order to more quickly consummate
their transactions, then they will not quibble over small increments in price. The
result is that negotiated prices will have a tendency to be rounded (even-ending).
Since real estate transaction prices are the result of a negotiation process, the
negotiation efﬁciency hypothesis predicts that they will have a tendency to be
even-ending as formally stated in Implication 5.6
Implication 5: According to the Negotiation Efﬁciency Hypothesis,
transaction prices should be even-ending.































































Coarseness of the pricing grid is inversely
related to accuracy of information
Implication 1 N/A N/A N/A Consistent with Implication 1
Coarseness of the pricing grid is directly
related to intrinsic value
Implication 2 N/A N/A N/A Consistent with Implication 2
List prices even-cluster N/A Implication 3 N/A N/A Consistent with Implication 3
Properties listed at even-ending prices sell
faster or for higher prices
N/A Implication 3 N/A N/A Only price impact is
signiﬁcant and consistent
with Implication 3
List prices should cluster at just below
even-ending prices
N/A N/A Implication 4 N/A Consistent with Implication 4
Properties listed at just-below-even-
ending prices sell faster or for higher
prices
N/A N/A Implication 4 N/A Price impact is consistent
with Implication 4 (but is
signiﬁcantly different from
zero only at the 10%
signiﬁcance level).
Properties listed at just-
below prices spend more
time on the market.
Transaction prices even-cluster N/A N/A N/A Implication 5 Consistent with Implication 5122  Palmon, Smith and Sopranzetti
 Data
The initial data set is comprised of 7088 observations of real estate transactions
of properties located in the Klein School District between January 1, 1992 and
December 31, 1995.7 The Klein School District is located in the northern
unincorporated portion of Harris County, Texas, a suburb of Houston that was
ﬁrst developed in the late 1960s. The data were obtained from the Multiple Listing
Service of the Houston Board of Realtors and were matched with housing
characteristics data from the Harris County Appraisal District. For each
observation, the data set includes information on house/property, neighborhood
and transaction characteristics. House/property characteristics include the size of
the home in square feet, the year it was built, the lot size in square feet, the
number of bedrooms, the number of bathrooms, a dummy variable for the
existence of a pool and a dummy variable for whether the house has any known
defects. To assess neighborhood desirability, a dummy variable was included that
indicates whether a property is near a creek (the more desirable section of the
Klein School District).8 Transaction characteristics include the list price, the
transaction price, the list date, the number of days that the property remained on
the market prior to being sold, whether the property is sold ‘‘as is’’ and whether
the home was sold by a ﬁnancial institution that had previously foreclosed on the
property.9 A detailed description of the property, neighborhood, and transaction
characteristics (along with other variables) can be found in Exhibit 2.
Due to missing or obviously incorrect data, 146 observations were omitted. In
addition, several screens were used to increase the homogeneity of the properties
sample and to eliminate observations in which data may not have been entered
correctly. Properties were omitted whose: (1) age exceeded 30 years old (24
observations); (2) lot size was smaller than 5,000 or larger than 50,000 square
feet (165 observations); (3) living space exceeded 4,000 square feet (362
observations); and (4) number of bathrooms (full and half) exceeded six (six
observations).
The ﬁnal sample included 6385 observations. Summary statistics for the list price,
transaction price, the number of days the property remained on the market prior
to being sold, along with property, neighborhood and transaction characteristics
are reported in Exhibit 3. By 1992, the Houston area residential real estate market
had recovered from its mid-1980s bust, prices had stabilized and virtually all of
the ‘‘ﬁre sale’’ transactions of the 1980s had been eliminated. The Klein area is
a highly sought after part of the Houston home market because of the general
quality of the housing stock, its towering pines, low crime rate and the high quality
of the schools. Most homes in this area are owner-occupied and are transacted
through the Multiple Listing Service.Clustering in Real Estate Prices  123
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Exhibit 2  Summary of Operational Deﬁnitions of the Independent Variables
Variable Description
COMPS The natural logarithm of the number of properties in the sample whose predicted list
prices are within 5% of the property’s predicted price
UNIQUE The absolute value of the percentage deviation of the property’s transaction price
from predicted transaction price
LOGLNUM The natural logarithm of the number of properties that have been listed by the
current property’s listing agent
LOGLIST The log of the predicted list price
JBELIST A dummy variable that equals one if the list price ends with the digits ‘‘900’’ and
zero otherwise
EVENLIST A dummy variable that equals one if the list price ends in ‘‘000’’ and zero otherwise
FT Square feet of ﬂoor space
AGE Age of the house
LOT Lot size
BED Number of bedrooms
TBATH Number of bathrooms (half bath equals 0.5)
POOL A dummy indicator (equals one if a pool is on the property)
FC A dummy indicator (equals one if property has been foreclosed upon)
ASIS A dummy indicator (equals one if the property is sold ‘‘as is’’)
CREEK A dummy indicator (equals one if the property is very close to the creek—where the
more desirable residential communities are located)
DATE Date of the transaction (the number of days from Dec. 1, 1991)
NEW A dummy indicator (equals one if the property is brand new)
1 YEAR A dummy indicator (equals one if the property is sold in the year following the year
of construction)
SUMMER A dummy indicator (equals one if the property sold between May and August)
LISTSALE A dummy indicator (equals one if the property sold for exactly the list price)
MILLSJBE The Mills Ratio for JBELIST
MILLSEVEN The Mills Ratio for EVENLIST
 Methodology and Results
List Price Clustering
The second and third columns of Exhibit 4 present the distribution of the last
three digits of list prices. A remarkably large proportion (51.86%, as opposed to
the predicted 0.1% under a uniform distribution) of the list prices in the sample124  Palmon, Smith and Sopranzetti
Exhibit 3  Summary Statistics
Variable Mean Std. Dev Min Max Median
List price $101,630 $45,951 $23,500 $400,000 $89,900
Transaction price $98,158 $44,570 $18,000 $385,000 $88,000
Days on market 92.37 87.75 0 930 69
Sq. ft. 2,250.1 667.57 819 3,994 2,193
Age 12.595 5.8987 0 28 13
Lot 9,564.5 3,974.5 5,000 49,933 8,760
Bedrooms 3.6279 0.6033 1 6 4
Total baths 2.4408 0.5532 1 5.5 2.5
Pool 0.1396 0.3465 0 1 0
New 0.0172 0.1301 0 1 0
1-year-old 0.0370 0.1887 0 1 0
Creek 0.3863 0.4869 0 1 0
Foreclosure 0.0453 0.2079 0 1 0
As is 0.0146 0.1198 0 1 0
Sale date 756.82 405.58 32 1,492 745
Sold for list price 0.1309 0.3374 0 1 0
Summer 0.4124 0.4923 0 1 0
are just-below-even-ending. This can be easily seen in Panel A of Exhibit 5, where
the ‘‘spikes’’ (e.g., at 19, 29 ... 99) reﬂect the just-below-even-clustering
phenomenon. These spikes correspond to an increased frequency of observations
where the hundred digit is ‘‘9.’’ List prices also exhibit a tendency (although to a
lesser extent) to even-price cluster: 19.55% of list prices end in the digits ‘‘000,’’
while another 17.15% end in the digits ‘‘500.’’10 The existence of just-below-even
price clustering is consistent with both the truncation hypothesis and the
perceived-gain hypothesis. The existence of the secondary even-clustering
tendency is consistent with either the cognitive accessibility or the quality
hypothesis.
Transaction Price Clustering
The right-most two columns of Exhibit 4 present the distribution of the last three
digits of transaction prices. Unlike list prices, the majority of transaction prices
(50.49%) are even-ending. Twenty percent of the transaction prices in the sample
end in the digits ‘‘500.’’ Just-below-even-clustering is a tertiary tendency
(12.22%). Although just-below-even-clustering has been documented in posted-
price markets, this paper is the ﬁrst to document it in negotiated markets.11Clustering in Real Estate Prices  125
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000 1,248 19.55 3,224 50.49
0xx 6 0.09 55 0.86
100 4 0.06 21 0.33
1xx 11 0.17 48 0.75
200 25 0.39 44 0.69
2xx 22 0.34 112 1.75
300 15 0.23 41 0.64
3xx 7 0.11 46 0.72
400 34 0.53 60 0.94
4xx 38 0.60 85 1.33
500 1,095 17.15 1,281 20.06
5xx 9 0.14 38 0.60
600 26 0.41 44 0.69
6xx 11 0.17 55 0.86
700 30 0.47 58 0.91
7xx 54 0.85 126 1.97
800 75 1.17 56 0.88
8xx 48 0.75 72 1.13
900 3,311 51.86 780 12.22
9xx 316 4.95 139 2.18
Total 6,385 100 6,385 100
Note: In the table, ‘‘xx’’ represents all combinations of ending tens and singles digits other than
‘‘00.’’
The even and just-below-even price clustering phenomena are reﬂected by the
spikes in Panel B of Exhibit 5, the histogram of the thousands and hundreds digits
of transaction prices. This striking overrepresentation of even-ending prices is
consistent with the negotiation efﬁciency hypothesis.
Coarseness of the Pricing Grid
Since most of the list prices in the sample are either even- or just-below-even
ending, these prices are considered as being on the coarse pricing grid. The126  Palmon, Smith and Sopranzetti
Exhibit 5  Frequency Distribution of the Hundreds and Thousands Digits of List and Transaction Prices




































propensity for prices to be taken from a relatively coarse pricing grid is
unobservable. Thus, a multinomial probit analysis was employed to infer this
propensity. Since list prices are even-ending, just-below-even-ending, or non-
clustered, the dependent variable is ternary.
The informational equilibrium pricing hypothesis states that the coarseness of the
pricing grid should be inversely related to the degree of pricing precision. The
degree of pricing precision is assumed to be positively related to the availabilityClustering in Real Estate Prices  127
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of relevant pricing information. Two variables were used as proxies for the
availability of relevant pricing information. The ﬁrst variable, COMPS, is the
number of properties whose predicted list price is within 5% of the given
property’s predicted list price. COMPS is thus a proxy for the number of relevant
price references for a particular property. The degree of pricing precision is
assumed to be directly related to the number of price references. Predicted list
prices were used rather than actual list prices, because the number of properties
whose actual list price is within 5% of a property’s list price would be relatively
high for properties whose list price is clustered. In contrast, the predicted list
prices do not exhibit price clustering.12 The other proxy variable, UNIQUE,i st h e
absolute value of the percentage deviation of the property’s actual transaction
price from its predicted transaction price. This percentage difference may be
related to property characteristics other than those included in the standard
description found in a typical Multiple Listing Service description. Because unique
properties have non-standard features, obtaining pricing information for these
properties may be more difﬁcult (costly) than for other properties. The difference
between actual and predicted transaction prices is used rather than the difference
between actual and predicted list prices because the inherent clustering in list
prices may induce larger than average absolute values for the prediction errors.
However, because clustered list prices do not necessarily imply that their
corresponding transaction prices are also clustered, clustering in list prices should
not necessarily be associated with larger than average transaction price squared
prediction errors. In addition, because this proxy is based on the percentage
difference, it is not necessarily correlated with the intrinsic property value, which
is also used in the analysis.
Recall that the predicted transaction prices are used in the construction of
UNIQUE. The predicted transaction price is estimated using a hedonic regression
where the dependent variable is the natural logarithm of the transaction price. The
independent variables are comprised of property-speciﬁc characteristics.13
The propensity for prices to cluster may also depend on the cost of rounding. If
this cost is related to the percentage difference between the rounded price and the
unrounded price, and if the pricing grid is ﬁxed, then the cost of rounding should
be negatively related to the property’s value. The explanatory variable, LOGLIST,
is the natural logarithm of the predicted list price.14 According to Implication 2,
the coefﬁcient of LOGLIST should be positive.
Since real estate agents also have input into the choice of the list price for
properties they list, a variable is included that measures the activity of the listing
agency in the Klein school district. For each observation, LOGLNUM is the natural
logarithm of the number of properties in the sample that are listed by the seller’s
real estate agency. The operational deﬁnition of LOGLNUM along with the other
explanatory variables can be found in Exhibit 2.
The results of the multinomial probit analysis are presented in Exhibit 6. The
second and third columns present the coefﬁcients and corresponding p-values for128  Palmon, Smith and Sopranzetti






CONSTANT 6.2855 .0001 3.8606 .0001
COMPS 0.0005 .025 0.0001 .472
UNIQUE 1.0240 .007 0.0928 .773
LOGLNUM 0.0103 .635 0.0741 .0001
LOGLIST 0.5324 .0001 0.3630 .0001
Notes: The dependent variable is ternary. The reported coefﬁcients are the marginal impacts of the
independent variables on the clustering tendency for even-ending or just-below-even-ending prices
relative to other non-clustered prices. COMPS is the natural logarithm of the number of properties
in the sample whose predicted list prices are within 5% of the property’s predicted price. UNIQUE
is the absolute value of the percentage deviation of the property’s transaction price from predicted
transaction price. LOGLNUM is the natural logarithm of the number of properties that have been
listed by the current property’s listing agent. LOGLIST is the log of the predicted list price.
the propensity to set even-ending prices relative to non-clustered ones. The fourth
and ﬁfth columns present the corresponding results for the propensity to set just-
below-even-ending prices. The positive coefﬁcients on LOGLIST indicate that,
consistent with Implication 2, rounding costs are an important factor in the
decision to set clustered list prices (either even or just-below-even-ending). In
addition, the negative and signiﬁcant coefﬁcient on COMPS and the positive and
signiﬁcant coefﬁcient on UNIQUE, in the second column indicate that sellers set
list prices to be even-ending when their price estimates are relatively inaccurate.
In contrast, the tendency to set just-below-even-ending prices does not seem to
be related to informational characteristics. Interestingly, the coefﬁcient on
LOGLNUM in the fourth column (but not in the second column) is positive and
signiﬁcantly different from zero. This implies that the more active listing agencies
tend to list properties at just-below-even-ending prices. A concern with the results
in Exhibit 6 is the possible existence of multicollinearity. However, a VIF analysis
indicates no evidence of multicollinearity among the independent variables: the
VIFs ranged between 1.03 and 1.26, substantially smaller than 10.
The Impact of Price Clustering on Transaction Outcomes
This section documents the impact of price clustering on two important transaction
characteristics for real estate properties: transaction price levels and the number
of days that a property remains on the market prior to being sold. Since several
of the clustering hypotheses make predictions with respect to both characteristics,Clustering in Real Estate Prices  129
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the methodologies for testing each transaction characteristic is discussed ﬁrst and
then the results are related to the individual hypotheses.
The ﬁrst test examines the impact of the strategic choice of list price on the
transaction price. The dependent variable is the natural logarithm of the deﬂated
(for the secular increase in real estate prices in the Houston metropolitan area)
transaction price. The explanatory variables include dummy variables that indicate
whether a property is listed at either an even-ending (EVENLIST) or just-below-
even-ending (JBELIST) price and control variables for the characteristics of the
property, the neighborhood and the transaction (for a detailed description, see
Exhibit 2). In addition, because real estate agents help sellers in transacting their
properties, characteristics of the real estate listing agency. LOGLNUM, the natural
logarithm of the number of properties that are listed by that property’s listing real
estate broker, is included to control for characteristics of the real estate listing
agency.
Note that a possible concern with the relationship between even clustering and
transaction outcomes is the presence of reverse causality due to selection bias.
Selection bias might be present if (consistent with the quality hypothesis) sellers’
decision to list their properties at even or just-below-even prices is associated with
some unobserved variables that are correlated with the inherent value of the
property.15 In order to control for the possible presence of selection bias, Mills
ratios were included in the regression speciﬁcation (see Munneke, 1996). The
Mills ratios for JBELIST, EVENLIST, MILLSJBE and MILLSEVEN, respectively,
are obtained from the output of the multinomial probit. Recall that the independent
variables in the probit regressions include the variables UNIQUE and COMPS that
are not included in the sales price regression. The large number of property
characteristics used in the analysis raises a concern for the possible existence
of muliticollinearity. However, a VIF analysis indicates no evidence of
multicollinearity among the independent variables: the VIFs ranged between 1.01
and 4.27, substantially smaller than 10.
Next, the impact of price clustering on the length of time that a property remains
on the market prior to being sold is examined. Since the dependent variable, days
on market, is censored below by zero, a tobit analysis was employed. The results
of the transaction price regression and the days on market tobit (coefﬁcients,
t-Statistics and impact at the means) are reported in Exhibit 7.16 The positive
coefﬁcient on JBELIST in the second column and the positive and signiﬁcant
coefﬁcient in the fourth column imply that the beneﬁt of setting a just-below-
even-ending list price are limited. They may only accrue through the attainment
of a higher transaction price (on average 0.7% more than other properties,
signiﬁcant at the 10% level). However, properties listed at just-below-even-ending
remain on the market eight days longer than other properties. The positive and
signiﬁcant (at the 0.1% level) coefﬁcient on EVENLIST in the second column and
the negative (although not signiﬁcant) coefﬁcient on EVENLIST in the fourth
column of Exhibit 7 imply that the beneﬁt of setting even-ending list prices
accrues primarily through the attainment of higher transaction prices (on average130  Palmon, Smith and Sopranzetti






JBELIST 0.0071 1.71 7.865 3.14
EVENLIST 0.0180 3.40 1.245 0.40
LOGLNUM 0.0498 5.19 5.323 7.94
FT 0.0008 23.45 1.07E-02 0.81
SQFT 7.37E-08 15.04 5.57E-06 2.12
AGE 0.0230 13.87 3.0762 3.67
SQAGE 0.0003 5.98 5.93E-02 1.88
LOT 2.16E-05 13.24 1.66E-03 1.93
SQLOT 3.08E-10 8.14 2.85E-08 1.30
BED 0.3069 10.24 13.149 0.76
SQBED 0.0417 10.42 2.425 1.04
TBATH 0.0529 1.73 15.95 0.87
SQTBATH 0.0075 1.41 2.200 0.68
POOL 0.1050 15.66 4.741 1.45
FC 0.1354 13.96 3.144 0.58
ASIS 0.1959 12.42 6.752 0.73
CREEK 0.0537 11.77 3.683 1.52
DATE 5.78E-05 12.16 8.71E-03 3.26
NEW 0.0068 0.42 9.938 1.02
1 YEAR 0.0266 2.22 48.634 6.75
SUMMER 0.0119 3.31 9.082 4.20
LISTSALE 0.0043 0.81 9.797 3.07
MILLSJBE 1.7784 2.92
MILLSEVEN 0.5256 1.65
CONSTANT 9.9290 36.70 102.7 3.323
1.8% more than other properties). The estimates also indicate that, although just-
below-even price clustering is much more prevalent than even price clustering in
real estate list prices, setting an even-ending list price yields a signiﬁcantly higher
transaction price and a signiﬁcantly shorter number of days on market.
The coefﬁcients on LOGLNUM indicate that properties listed by more active real
estate agents sell faster and for a higher transaction price. This association may
be consistent with two alternative (but not mutually exclusive) rationales. First,Clustering in Real Estate Prices  131
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Exhibit 7  (continued)
Results of the Transaction Price Regression and the Days on Market Tobit
Notes: The second and third columns present the results of an ordinary least squares estimation of
the natural logarithm of the transaction price. The rightmost two columns present the results of a
tobit analysis of the days on market. Tobit regression coefﬁcients are reported rather than
normalized coefﬁcients. JBELIST equals one if the list price ends with the digits ‘‘900’’ and zero
otherwise. EVENLIST equals one if the list price ends in ‘‘000’’ and zero otherwise. LOGLNUM is
the natural logarithm of the number of properties that have been listed by the current property’s
listing agent. FT is the square feet of ﬂoor space, AGE is the age of the house, LOT is the lot size
in square feet, BED is the number of bedrooms, TBATH is the number of bathrooms (half bath
equals 0.5), SQFT, SQAGE, SQLOT, SQBED and SQTBATH are the squares of FT, AGE, LOT,
BED and BATH, respectively, POOL is an indicator variable that equals one if a pool is on the
property, FC is an indicator variable that equals one if property has been foreclosed upon, ASIS is
and indicator variable that equals one if the property is sold ‘‘as is,’’ CREEK is an indicator
variable that equals one if the property is very close to the creek, DATE is the number of days
between Dec. 1, 1991 and the transaction date, NEW is an indicator variable that equals one if
the property is sold in the same year as the year of construction, 1 YEAR is an indicator variable
that indicates whether the property is sold in the calendar year following its year of construction,
SUMMER is an indicator variable that equals one if the property sold between May and August,
and LISTSALE is an indicator variable that equals one if the property sold for exactly the list price.
MILLSJBE and MILLSEVEN are the Mills ratios for JBELIST and EVENLIST, respectively, which are
used to control for selectivity bias in the transaction price regression.
sellers prefer to list their houses with agents that have a reputation for obtaining
better transaction outcomes. Thus, the more effective real estate agents are
observed to have more clients. Second, real estate agents that are more active in
a community have superior knowledge of the neighborhood and can thus obtain
better transaction outcomes.
Since just-below-even-ending list prices and LOGLNUM are positively correlated,
the superiority of posting even-ending prices was examined to see if it is robust
when LOGLNUM is excluded from the set of explanatory variables. The ﬁndings
indicate that the transaction prices of properties with even-ending list prices are
still signiﬁcantly higher than those for properties with just-below-even-ending list
prices even when LOGLNUM is excluded from the regression.
Note that the inclusion of MILLSJBE and MILLSEVEN as explanatory variables
controls for the presence of selection bias/reverse causality. Although one of the
two coefﬁcients is signiﬁcantly different from zero, the coefﬁcients on JBELIST
and EVENLIST are not substantially affected by the inclusion (verses the
exclusion) of the two Mills ratios. Thus, the impacts of the list price clustering
on transaction outcomes are signiﬁcant even when selection bias is controlled.132  Palmon, Smith and Sopranzetti
 Conclusion
This study documents the existence of price clustering in real estate listing prices
and its consequences on transaction outcomes. Prices are deﬁned as even-ending
if they end in the digits ‘‘000,’’ and are deﬁned as just-below-even-ending if they
are $100 below an even-ending price (i.e., just-below-even-ending prices end in
the digits ‘‘900’’). The ﬁndings indicate that the tendency to use even-ending
prices is negatively related to the precision of the price estimates of the traded
item and to the rounding cost. In contrast, the tendency to use just-below-even-
ending prices is negatively related to the rounding cost, but not to the precision
of the price estimates of the traded item; furthermore, this tendency is also
positively related to the number of properties listed by the listing real estate broker.
Both list and transaction prices cluster at even and just-below-even prices.
However, list and transaction prices differ in their major clustering tendency. Just-
below-even-clustering is the dominant tendency for list prices, while even-
clustering is the one for transaction prices. Controlling for possible reverse
causality (because sellers may choose to list higher quality properties at even-
ending prices), the ﬁndings indicate that transaction outcomes depend signiﬁcantly
on list price clustering. Surprisingly, although most properties are listed at just-
below-even-ending prices, those that are listed at even-ending prices sell, on
average, faster and for a higher price than properties listed at just-below-even
prices. The ﬁndings also indicate that the transaction price is positively associated
with, and the number of days that the property remains on the market is negatively
associated with, the number of properties that are listed by the seller’s listing
agent.
 Endnotes
1 See Knauth (1949), Georgoff (1972), Lambert (1975), Monroe (1979) and Peltzman
(2000).
2 Another explanation, not discussed in Schindler and Kirby (1997) is that a just-below-
even price indicates that the product is on sale (see Raphael, 1968; Kotler, 1991; Berman
and Evans, 1992; Quigley and Notarantonio, 1992; and Schindler and Kibarian, 1996).
3 See also Gabor and Granger (1964), Alpert (1970), Georgoff (1972), Lambert (1975),
Whalen (1980), Brenner and Brenner (1982), Schindler (1984), and Schindler and
Warren (1988), Schindler and Wiman (1989), Stiving and Winer (1997), Schindler and
Kirby (1997), and Kahn, Pennacchi and Sopranzetti (1998).
4 Note that, according to the existing literature, other prices may also be considered as
just-below-even-ending; for example, those that are either $1, $5, or $10 below the
deﬁnition of an even-ending price. However, these prices are infrequent in the data set.
The deﬁnition of just-below-even-ending prices includes about 90% of the list prices
that may be considered as being slightly under even-clustered prices. Out of 6385 total
observations, 3311 list price observations end in ‘‘900,’’ while 143 end in ‘‘950,’’ 84
end in ‘‘990,’’ 48 end in ‘‘999’’ and 41 end in all other three digits between ‘‘900’’ andClustering in Real Estate Prices  133
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‘‘999.’’ Among the transaction prices, 780 observations end in ‘‘900’’, 51 end in ‘‘950,’’
19 end in ‘‘990’’ and 69 end in any other three digits between ‘‘900’’ and ‘‘999.’’
5 This deﬁnition corresponds to Friedman (1967) and Wisniewski and Blatterberg’s (1983)
use of pre-tax posted supermarket prices rather than shoppers’ tax-inclusive costs.
6 A crucial aspect of Harris (1991) is the number of transactions that traders must process.
As the number of trades increases, the propensity for traders to quote even-ending prices
should increase. However, since (1) real estate buyers and sellers typically only transact
a few times during their respective lifetimes and (2) real estate property prices represent
a substantial portion of buyers’ and sellers’ wealth, real estate buyers and sellers may
be less interested in speeding up the negotiation process and more interested in
negotiating the best price. Thus, it is not clear a priori whether the real estate market is
a suitable testing ground for the negotiation efﬁciency hypothesis.
7 All properties in the sample have been transacted through the Multiple Listing Service.
Consequently, properties that are eventually sold directly by the owner or that are pulled
out of the market are not represented in the data set. We do not believe that this
represents a serious censoring bias.
8 In an earlier version of the manuscript, the distance to the central business district was
included, however the coefﬁcient on this variable is not signiﬁcantly different from zero.
9 A possible concern is that the reported list price and days on market may be associated
with either an original listing or a subsequent relisting. Because the original list price
and listing date of relisted properties are unavailable, there is little that can be done to
address this possibility. However, this listing/relisting issue is problematic when list
prices that are associated with relisted properties are determined by a different process
than prices for originally listed properties (i.e., they have different clustering patterns).
The listing/relisting dates for the properties in the sample are concentrated in the spring
and summer months. If listed and relisted properties have different seasonal patterns and
if they also have different clustering patterns, then clustering patterns should be seasonal.
No evidence was found to support this possibility.
10 Properties with list prices ending in ‘‘500’’ do not signiﬁcantly differ from non-clustered
properties in terms of their impact on transaction outcomes; consequently, to simplify
the discussion, they are not treated as a separate clustering category.
11 Just-below-even-ending prices arise when a buyer accepts a seller’s just-below-even-
ending list price; this occurs often when a property is purchased from a contractor,
where the negotiation is over amenities rather than over price. Correspondingly, more
than 50% of the properties that transact at just-below-even-ending list prices are ones
that sell for the exact listing price. Furthermore, about 50% of these properties are new
homes (the age is less than or equal to one year old).
12 Goodness of ﬁt tests were performed for the uniform distribution of the right-most two
digits (tens and singles) and then the next two (thousands and hundreds) digits of the
predicted list and transaction prices. The uniform distribution for these digits cannot be
rejected at any conventional level of signiﬁcance.
13 Property prices were deﬂated using a Houston-wide real estate price index. In an
alternative methodology, a calendar date was included as one of the independent
variables. The results under the two methodologies were almost identical.
14 LOGLIST may also be related to the precision of price estimates because expensive,
custom-built houses are likely to be more heterogeneous than inexpensive tract housing.
The relative heterogeneity of expensive houses, which may not be captured by UNIQUE,134  Palmon, Smith and Sopranzetti
reduces the likelihood of locating comparable properties for use as pricing references.
To examine this issue, variables were constructed that measured the heterogeneity of
key property characteristics (e.g., square feet, lot size, etc.) among the properties whose
predicted list price is within 5% of a given property’s list price. However, these variables
did not affect the probability for the price to be on a coarse pricing grid and did not
affect the probit coefﬁcients of other variables.
15 See Wallace (1988), McMillen and McDonald (1991), Munneke (1996), or Colwell and
Munneke (1997) for a detailed discussion of selection bias in real estate markets.
16 The study also examined whether the two transaction outcomes, transaction price and
days on market, were independent of one another. In an unreported alternative
speciﬁcation, the variable days on market was included in the transaction price
regression. In addition, the variable transaction price was included in the days on market
tobit. The coefﬁcients on days and the transaction price were both negative. However,
adding them did not substantially affect the coefﬁcients of the other variables, thus these
speciﬁcations were not included in the paper. A possible reason for the negative
relationship may be due to a suspicion on the part of potential buyers that stale properties
(ones that have been on the market for a long period of time) may be associated with
unattractive characteristics. The result is that buyers may be reluctant to pay high prices
for stale properties.
 References
Alpert, M. I., Demand Curve Estimation and Psychological Pricing, In F. D. Sturdivant et
al. (Eds.), Managerial Analysis in Marketing, Glenview, IL: Scott Foresman, 1970.
Ball, C., W. Torous and A. Tschoegl, The Degree of Price Resolution: The Case of the
Gold Market, Journal of Futures Markets, 1985, 5, 29–43.
Berman, B. and J. R. Evans, Retail Management: A Strategic Approach, New York, NY:
Macmillan, 1985.
Brenner, G. and R. Brenner, Memory and Markets, or Why are You Paying $2.99 for a
Widget?, Journal of Business, 1982, 55, 147–58.
Brown, S., P. Laux and B. Schachter, On the Existence of an Optimal Tick Size, Review
of Futures Markets, 1991, 10, 50–72.
Christie, W. and P. Schultz, Why Do NASDAQ Market Makers Avoid Odd-Eighths
Quotes?, Journal of Finance, 1994, 49, 1813–40.
Christie, W., J. Harris and P. Schultz, Why Did NASDAQ Market Makers Stop Avoiding
Odd-Eighths Quotes?, Journal of Finance, 1994, 49, 1841–60.
Colwell, P. F. and H. J. Munneke, The Structure of Urban Land Prices, Journal of Urban
Economics, 1997, 41, 321–36.
Colwell, P., P. Rushing and K. Young, The Rounding of Appraisal Estimates, Illinois Real
Estate Letter, 1994.
Dehaene, S. and J. Mehler, Cross-Linguistic Regularities in the Frequency of Number
Words, Cognition, 1992, 43, 1–29.
Fazio, R. H., J. M. Chen, E. C. McDonel and S. J. Sherman, Attitude Accessibility,
Attitude-Behavior Consistency, and the Strength of the Object-Evaluation Association,
Journal of Experimental Social Psychology, 1982, 18, 339–57.
Feinberg, S., Quiet Deﬁance of Psychological Pricing, Women’s Wear Daily, 1962, 104,
10.Clustering in Real Estate Prices  135
JRER  Vol. 26  No. 2 – 2004
Friedman, L. Psychological Pricing in the Food Industry, in A. Phillips and O. Williamson
(Eds.), Prices: Issues in Theory, Practice, and Public Policy, University of Pennsylvania
Press: Philadelphia, 1967.
Gabor, A. and C. Granger, Price Sensitivity of the Consumer, Journal of Advertising
Research, 1964, 4, 40–4.
Georgoff, D. M., Odd-Even Retail Price Endings, East Lansing: Bureau of Business and
Economic Research, Graduate School of Business Administration, Michigan State
University, Working Paper, 1972.
Goodhart, C. and R. Curcio, Asset Price Discovery and Price Clustering in the Foreign
Exchange Market, London School of Economics, Working Paper, 1990.
Grossman, S. J. and J. E. Stiglitz, On the Impossibility of Informationally Efﬁcient Markets,
American Economic Review, 1980, 70, 393–408.
Harris, L., Stock Price Clustering and Discreteness, Review of Financial Studies 1991, 4,
389–415.
Higgins, E. T., W. S. Rholes and C. R. Jones, Category Accessibility and Impression
Formation, Journal of Experimental Psychology, 1977, 13, 141–54.
Kahn, C., G. Pennacchi and B. Sopranzetti, Bank Deposit Rate Clustering: Theory and
Empirical Evidence, Journal of Finance, 1999, 54, 2185–2214.
Kashyap, A., Sticky Prices: New Evidence from Retail Catalogs, Quarterly Journal of
Economics, 1995, 110, 245–274.
Knauth, O., Considerations in Setting Retail Prices Journal of Marketing, 1949, 14, 1–12.
Kotler, P., Marketing Management: Analysis, Planning, Implementation, and Control,
Englewood Cliffs, NJ: Prentice-Hall, 1991.
Kreul, L. M., Magic Numbers: Psychological Aspects of Menu Pricing, Cornell Hotel and
Restaurant Administration Quarterly, 1982, 23, 70–5.
Lambert, Z., Perceived Prices as Related to Odd and Even price Endings, Journal of
Retailing, 1975, 51, 12–22.
McMillen, D. P. and J. F. McDonald, Urban Land Value Functions With Endogenous
Zoning, Journal of Urban Economics, 1991, 29, 14–27.
Monroe, K, Pricing: Making Proﬁtable Decisions. New York, NY: McGraw-Hill, 1979.
Munneke, H. J., Redevelopment Decisions for Commercial and Industrial Properties,
Journal of Urban Economics, 1996, 39, 229–53.
Niederhoffer, V., Clustering of Stock Prices, Operations Research 1965, 13, 258–65.
Osborne, M.F.M., Periodic Structure in the Brownian Motion of Stock Prices, Operations
Research, 1962, 10, 345–79.
Peltzman, S., Prices Rise Faster than They Fall. Journal of Political Economy, 2000, 108,
446–502.
Quigley, C. J. and E. M. Notarantonio, An Exploratory Investigation of Perceptions of Odd
and Even Pricing, In V. L. Crittenden (Ed.), Developments in Marketing Science, Chestnut
Hill: Academy of Marketing Science, 1992.
Raphael, M., Is 99 Sense More than a Dollar?, Direct Marketing, 1968, 76, 44.
Rudolph, H., Pricing for Today’s Market, Printers’ Ink, 1954, 247, 22–4.
Schindler, R. M., Consumer Recognition of Increases in Odd and Even Prices, in T. C.
Kinnear (Ed.), Advances in Consumer Research, Provo, UT: Association for Consumer
Research, 1984.136  Palmon, Smith and Sopranzetti
Schindler, R. M. and T. Kibarian, Testing for Perceptual Underestmation of 9-ending Prices,
In T. C. Kinnear (Ed.), Advances in Consumer Research, Provo: Association for Consumer
Research, 1993.
Schindler, R. M. and P. Kirby, Patterns of Rightmost Digits Used in Advertised Prices:
Implications for Nine-Ending Effects, Journal of Consumer Research, 1997, 24, 192–201.
Schindler, R. M. and L. S. Warren, Effect of Odd Pricing on Choice of Items from a Menu,
In T. C. Kinnear (Ed.), Advances in Consumer Research, Provo, UT: Association for
Consumer Research, 1988.
Schindler, R. M. and A. R. Wiman, Effects of Odd Pricing on Price Recall, Journal of
Business Research, 1989, 19, 165–77.
Sopranzetti, B. and V. Datar, Price Clustering in Foreign Exchange Spot Markets, Journal
of Financial Markets, 2002, 5, 411–17.
Spohn, R. F. and R. Y. Allen, Retailing, Englewood Cliffs, NJ: Prentice-Hall, 1977.
Stiving, M. and R. Winer, An Empirical Analysis of Price Endings with Scanner Data,
Journal of Consumer Research, 1997, 24, 57–67.
Tversky, A. and D. Kahneman, Availability: A Heuristic for Judging Frequency and
Probability, Cognitive Psychology, 1973, 5, 207–32.
Twedt, D. W., Does the ‘9 Fixation’ in Retail Pricing Really Promote Sales, Journal of
Marketing, 1965, 29, 54–44.
Wallace, N.E., The Market Effects of Zoning Undeveloped Land: Does Zoning Follow the
Market?, Journal of Urban Economics, 1988, 23, 307–26.
Whalen, B. R., Strategic Mix of Odd, Even Prices Can Lead to Increased Retail Proﬁts,
Marketing News, 1980, 13, 24.
Wingate, J. W., E. O. Schaller and F. L. Miller, Retail Merchandise Management,
Englewood Cliffs, NJ: Prentice Hall, 1972.
Wisniewski, K. and R. Blatterberg, Response Function Estimation Using UPC Scanner
Data: An Analytical Approach to Demand Estimation under Dealing, In F. Zufryden (Ed.),
Advances and Practice of Marketing Science, Providence, RI: Institute of Management
Science, 1983.
The authors wish to thank Evert Crawford of Crawford Realty Advisors in Houston
for providing the matched data used in this study. The authors would also like to
thank the editor and the anonymous referees, Robert Schindler, Ivan Brick, Ileen
Malitz, Emilio Venezian, Yangru Wu, and the seminar participants at Ben-Gurion
University, Rutgers University and the University of Waterloo for their valuable
comments.
Oded Palmon, Rutgers University, Piscataway, NJ 08854 or palmon@rbs.rutgers.edu.
Barton A. Smith, University of Houston, Houston, TX 77204-5019 or bsmith@uh.edu.
Ben J. Sopranzetti, Rutgers University, Piscataway, NJ 08854 or sopranze@rci.
rutgers.edu.